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Document Enhancement

What do we want to enhance? 

Document Scanner
Model

PDF Photo Enhanced Image

2Uneven illumination Paper-related artifacts

Goal: enhance and maintain 
the text readability 



Image Enhancement
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Current State-of-the-Art

Focus on natural images
¹ Guo et al. Zero-Reference Deep Curve Estimation for Low-Light Image Enhancement. In CVPR, 2020.
² Moran et al. CURL: Neural Curve Layers for Global Image Enhancement. In ICPR, 2020.
³ Zamir et al. Learning Enriched Features for Real Image Restoration and Enhancement. In ECCV, 202.
⁴ Lin et al. BEDSR-Net: A Deep Shadow Removal Network from a Single Document Image. In CVPR, 2020.

Zero-DCE¹

CURL²

MIRNet³

Focus on shadows only  
Input GT BEDSR-Net⁴



Document Enhancement
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Controlled environments

¹ He and Schomaker. DeepOtsu: Document Enhancement and Binarization using Iterative Deep Learning. In Pattern Recog, 2019.
² Fan. Enhancement of Camera-captured Document Images with Watershed Segmentation. In CBDAR, 2007.
³ HP Inc.. A workflow for document enhancement through content segmentation and multiple enhancements. Technical Disclosure Commons, 2020.

DeepOtsu¹
Focus on binarization Fan² 

Watershed-based segmentation
HP Inc.³

Deep learning ensemble model 
with segmentation maps

 Robust models
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Context and Multi-Scale 
Feature Aggregator

Pixel-Wise Adjustments
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Context and Multi-Scale Feature Aggregator

○ Adapted from Yu et al.¹
○ Receptive field expansion with 

dilated convolutions

¹ Yu et al. Multi-Scale Context Aggregation by Dilated Convolutions. In International Conference on Learning Representations (ICLR), 2016.
² Guo et al. Zero-Reference Deep Curve Estimation for Low-Light Image Enhancement. In CVPR, 2020.
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Pixel-Wise Adjustments

○ Based on the work of Guo et al.¹
○ One adjustment per refinement 

iteration

¹ Guo et al. Zero-Reference Deep Curve Estimation for Low-Light Image Enhancement. In CVPR, 2020.



Experiments
Dataset

Document variation
Small dataset: ~770 pairs

● “Fake” ground-truth

Data augmentation
Cropping
Pyramid Sliding 
Window

Image Quality Assessment (IQA) 

● Traditional 
○ PSNR
○ Multi-Scale SSIM 

● Deep learning-based 
○ PieAPP¹
○ WaDIQaM² 
○ LPIPS³
○ DISTS⁴

¹ Prashnani et al., PieAPP: Perceptual Image-Error Assessment through Pairwise Preference. In CVPR, 2018. 
² Bosse et al., Deep Neural Networks for No-Reference and Full-Reference Image Quality Assessment. In IEEE Transactions on Image Processing, 2018. 
³ Zhang et al., The Unreasonable Effectiveness of Deep Features as a Perceptual Metric. In CVPR, 2018 
⁴ Ding et al. Image Quality Assessment: Unifying Structure and Texture Similarity. In arXiv:2004.07728, 2020 8



Quantitative Results
Model # PSNR ↑ MS-SSIM ↑ PieAPP↓ WaDIQaM ↑ LPIPS↓ DISTS↓

U-Net¹ 2M 15.9 +-2.7 0.81 +-.07 0.89 +-0.7 0.56 +-.10 0.17 +-.05 0.20 +-.05

Pix2Pix² 57M 16.2 +-2.7 0.81 +-.08 1.18 +-0.8 0.55 +-.13 0.17 +-.05 0.19 +-.05

Pix2PixHD³ 113M 15.7 +-2.7 0.79 +-.09 0.95 +-1.1 0.51 +-.12 0.21 +-.06 0.24 +-.06

Fan⁴ - 15.1 +-3.4 0.80 +-.08 1.00 +-0.9 0.58 +-.08 0.16 +-.05 0.16 +-.05

HP Inc.⁵ 5M 16.9 +-3.0 0.84 +-.07 1.49 +-0.9 0.57 +-.10 0.16 +-.05 0.17 +-.05

Zero-DCE⁶ 79k 15.9 +-3.0 0.82 +-.08 1.10 +-0.8 0.58 +-.09 0.17 +-.05 0.19 +-.04

DDocE 595k 16.1 +-2.7 0.82 +-.07 1.09 +-0.9 0.58 +-.09 0.16 +-.05 0.17 +-.05

DDocE w/ pyramid 595k 16.1 +-3.0 0.83 +-.07 1.08 +-0.8 0.63 +-.06 0.14 +-.05 0.15 +-.04

9

Best result is highlighted in bold and “#” represents the number of parameters in the model. 

¹ Ronneberger et al. U-Net: convolutional networks for biomedical image segmentation. In: MICCAI, 2015.
² Isola et a..  Image-to-image translation with conditional adversarial networks. In: CVPR, 2017.
³ Wang et al. High-resolution image synthesis and semantic manipulation with conditional gans. In: CVPR, 2018.
⁴ Fan. Enhancement of Camera-captured Document Images with Watershed Segmentation. In CBDAR, 2007.
⁵ HP Inc.. A workflow for document enhancement through content segmentation and multiple enhancements. Technical Disclosure Commons, 2020.
⁶ Guo et al. Zero-Reference Deep Curve Estimation for Low-Light Image Enhancement. In CVPR, 2020.

Enhancement Models

Competitive models from 
other tasks

Our model



Qualitative Results
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Fan¹ Zero-DCE³ DDoCE (Ours)HP Inc.²

¹ Fan. Enhancement of Camera-captured Document Images with Watershed Segmentation. In CBDAR, 2007.
² HP Inc.. A workflow for document enhancement through content segmentation and multiple enhancements. Technical Disclosure Commons, 2020.
³ Guo et al. Zero-Reference Deep Curve Estimation for Low-Light Image Enhancement. In CVPR, 2020.

Crumpled paper

Documents with 
colored regions 

Crumpled paper Lightweight model

Documents with 
colored regions Crumpled paper

Documents with 
colored regions 

Lightweight model

Crumpled paper

Documents with 
colored regions 

Enhancement Models

Reconstruction-based

Crumpled paper Documents with 
colored regions 
Artifacts on text regions
Shadow artifacts



Qualitative Results

PDF Photo (Input)
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Qualitative Results

U-Net Pix2Pix

Zero-DCE

PDF Photo Input

12DDocE (Ours)
DDocE (Ours)

w/ pyramid

Pix2PixHD

HP Inc. Fan



Qualitative Results

PDF Photo (Input)
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Qualitative Results

PDF Photo Input
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U-Net Pix2Pix

Zero-DCE DDocE (Ours) DDocE (Ours) w/ pyramid

Pix2PixHD

HP Inc. Fan



Qualitative Results

PDF Photo (Input)
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Qualitative Results

PDF Photo Input
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Zero-DCE DDocE (Ours) DDocE (Ours)
w/ pyramid

HP Inc. Fan



Qualitative Results

PDF Photo (Input)
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Qualitative Results

PDF Photo Input
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Zero-DCE DDocE (Ours) DDocE (Ours)
w/ pyramid

HP Inc. Fan



Qualitative Results

PDF Photo (Input)
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Qualitative Results

PDF Photo Input
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Zero-DCE DDocE (Ours) DDocE (Ours)
w/ pyramid

HP Inc. Fan



Ablation Studies

Model PSNR ↑ MS-SSIM ↑ PieAPP↓ WaDIQaM ↑ LPIPS↓ DISTS↓

DDocE w/ 
Zero-DCE¹ extractor 15.7 +-3.0 0.81 +-.08 0.94 +-0.8 0.58 +-.07 0.16 +-.05 0.16 +-.04

DDocE w/o 
squeeze-expand 16.1 +-2.9 0.82 +-.07 0.92 +-0.8 0.60 +-.07 0.15 +-.05 0.16 +-.04

Multi-scale aggregation 
w/ dilation factor of 1 16.1 +-2.8 0.81 +-.08 1.03 +-0.9 0.59 +-.08 0.16 +-.05 0.16 +-.04

DDocE 16.1 +-2.7 0.82 +-.07 1.09 +-0.9 0.58 +-.09 0.16 +-.05 0.17 +-.05

DDocE w/ pyramid 16.1 +-3.0 0.83 +-.07 1.08 +-0.8 0.63 +-.06 0.14 +-.05 0.15 +-.04
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Best result is highlighted in bold.

¹ Guo et al. Zero-Reference Deep Curve Estimation for Low-Light Image Enhancement. In CVPR, 2020.

Documents with 
colored regions 



Ablation Studies
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PDF DDocE w/ 
Zero-DCE extractor

Photo Input DDocE w/o 
squeeze-expand

Multi-scale aggregation 
w/ dilation factor of 1 DDocE (best result)



     DDocE: Deep Document Enhancement - Summary
● Competitive lightweight method for document enhancement

○ Importance of the components of our model altogether
○ Open challenging scenarios

● Challenges in the evaluation protocol 
○ Future work: add human perceptual study

Reach us!
karina.bogdan@eldorado.org.br
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gustavo.souza@eldorado.org.br

augusto.valente@eldorado.org.br
lucas.nedel.kirsten@hp.com


